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2 Paper Reading

2.1 AutoAugment: Learning Augmentation Strategies from Data

B E SR —Fh 73, DAAE B BHE 3G 5l AR A R MG 0 — R R B — L ] B 4
VB, ARCHEHAEHBIESTR TS, BT EAE (ShearX/Y, TranslateX/Y Rotate,

AutoContrast, Invert, Equalize, Solarize, Posterize, Contrast, Color, Brightness, Sharpness,

Cutout, Sample Pairing) . F FLAER (LR I H (35 R TR — 4%,



2.2  Unsupervised Data Augmentation
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2.3 Local Aggregation for Unsupervised Learning of Visual Embeddings
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Figure 2: #3

2.4 GraphGAN: Graph Representation Learning with Generative Adver-
sarial Nets
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